There is a risk that if a government adopts a R&D spending policy directed towards wind power technology crowding out of other technologies might occur due to fiscal constraints and changes in relative prices. The purpose of this paper is to provide a backward-looking analysis of how the accumulation of wind energy patents and public R&D spending affected the domestic and neighboring country output of granted patents in the "related energy machinery field". The econometric analysis, a Poisson fixed-effects estimator based on the Hausman, Hall and Griliches (1984) method, relies on a data set consisting of eight countries in Western Europe with the highest rates of patent production in the field of wind power between 1978 and 2008. The results show that an accumulation of a national wind power stock is a statistically significant negative determinant of a country's related energy machinery patenting outcomes. However, no crowding out effects of public R&D spending were found.
Introduction
There is an increasing interest in assessing the effects of wind power R&D policies which plays an important role in stimulating innovation in the wind power sector (De Vries and Withagen, 2005; Johnson and Lybecker, 2012; and Johnstone, Hascic, and Popp, 2010) . The aphorism "a rising tide lifts all boats" is associated with the idea that the improvements for some will eventually lift everyone else up as well. 1 The aphorism suggests an argument for public R&D spending in renewable energy technologies where the spending will enhance, and hence lift up, other technologies through knowledge spillovers (see e.g., Cohen and Levinthal, 1989; Hussler, 2004; Antonelli, 2008; Costantini and Crespi, 2008a; Antonelli and Quatraro, 2010) .
However, while knowledge spillovers can have both a positive and negative effect there are potential under-investigated downsides with public R&D policies: crowding out effects are such downsides. The presence or absence of knowledge spillover (and possible crowding out effects) are likely to influence government policies on R&D spending (e.g., Söderholm and Sundqvist, 2007; Peters et al., 2012) . There are incentives for national governments to be the second mover and free-ride on others' efforts (Fischer, 2008; Jaffe, Newell, and Stavins, 2005; Popp, 2005) . Private firms have, to some extent, also weak incentives to make R&D investments (Jaffe, Newell and Stavins, 2005; Acemoglu, Aghion, Bursztyn, and Hemous, 2012, Aalbers, Shestalova, and Kocsis, 2013) .
The purpose of this paper is to provide a backward-looking 2 analysis of how the accumulation of wind energy patents and public R&D spending affected the domestic and neighboring country output of granted patents, 3 in the related energy machinery field (i.e., energy machinery closely related to wind energy machinery 4 ). Specifically, the paper investigates how the accumulation of wind energy patents and public R&D spending affected the output of domestic granted related energy machinery patents production and neighboring countries (see figure 1) .
By doing the above we capture the presence of inter-industry spillover towards other energy machinery fields close to wind power. To our knowledge there are few spillover and R&D crowding out studies on renewable energy in general, and on wind power in particular.
Figure 1. Spillover effect to related industries and R&D efforts
Based on the reasoning above, this paper seeks to expand the existing literature dealing with inter-country knowledge spillovers. 5 The spillover literature concentrates on within-industryspillovers, not inter-industry spillovers (see, e.g, Klaassen et al., 2005; Mancusi, 2008; Aldieri and Cincera, 2009; Braun 2011; Corradini et al., 2014; Lehmann, 2013; Grafström 2018; Grafström and Lindman 2017) with an exception of Nemet (2012) who investigate interindustry knowledge spillovers by investigating patent citations.
The paper therefore adds to the existing literature in the sense that: (a) our understanding of spillovers are enhanced from cross-country to inter-industry; (b) potential crowding out effects of government R&D spending is investigated; (c) increase the understanding of the early phase of a technology, something that will be important for less developed climate mitigating technologies such Carbon Capture and Storage technologies and (d), we discuss the implications of our analysis for the literature on knowledge spillovers, and, more generally, on technological evolution, as well as for technology policy relating to governmental R&D spending decisions. Two questions are considered:
• Are there knowledge spillovers originating in the wind power field that have a positive effect on closely related technology fields i.e., will R&D investment in wind power machinery enhance the output of other energy machinery as well?
• Are there crowding out effects caused by R&D spending i.e., will R&D spending directed towards the wind power field have negative effect on related energy fields?
The econometric analysis relies on a data set consisting of eight countries in Western Europe with the highest rates of patent production in the field of wind power between 1978 and 2008. 6 The motivation for excluding several countries is that after investigating at the patent and R&D data for the respective countries it was rather clear that patents and R&D spending was limited in most of the countries, i.e., inactivity within wind power research.
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To analyze the data set, a Poisson fixed-effects estimator regression model is used since the model allow for count data it is based on the Hausman, Hall and Griliches (1984) method. To empirically investigate the two posed questions a so-called knowledge production function is estimated; the rate of new knowledge creation is assumed to depend on, for instance, the amount of labor engaged in R&D and the patents-based stock of knowledge available to these researchers (e.g., Ibenholt, 2002; Klaassen et al., 2005; Krammer, 2009; Söderholm and Klaassen, 2007; Joutz and Abdih, 2005) .
In general, for our purposes a technological knowledge stock reflects the cumulative technological knowledge that a country possesses at a given point in time (e.g., Klaassen et al., 2005; Antonelli et al. 2011; Boschma and Iammarino, 2009; Corradini et al., 2014 Corradini et al., , 2015 Park 2003, 2006) . A positive correlation between a knowledge stock and technological output (granted patents) is interpreted as a sign of knowledge spillovers. 8 The knowledge stocks represent the accumulation of granted wind power-and related energy machinery patents from international and domestic sources, and have been constructed using the perpetual inventory method (Ek and Söderholm, 2010) .
From a general policy perspective, the necessity (sooner than later) for R&D spending on renewable energy stems from the fact that the anthropogenic emissions of greenhouse gases (GHGs) now above 400 parts per million (ppm) compared to a historical value around 250 ppm 6 Priority date is used, additional robustness test with other time periods were also tested. 7 The decision to focus on spillovers within the EU is motivated by the fact that the EU has set renewable energy targets, and that spillovers and the consequences of spillovers will be important for the chance of success for these targets. Even though there are patent data available on all OECD as well as non-OECD countries, not all countries' data will be used as there is only marginal patent activity -if it even exists -in many of these. For instance, between 1978 and 2008, the number of wind power patent applications in several OECD countries only amounted to about one a year. 8 There is of course a concern that innovation in wind power technology does not only manifest by patents in the F03D group, but that a lot of complementary innovation is carried out in precisely these related technological fields. However, according to a study by the UK's Intellectual Property Office, the F03D (wind power) classification covers 96% of all wind power patents (Keefe, 2010; Dechezleprêtre and Glachant, 2014) . The technologies are further identified as related but not supporting technologies, there is a possibility that a firm carry out R&D in several fields, but the number should not be that many.
(EPA, 2016) have a distinct impact on the global climate (e.g., IPCC, 2007 IPCC, , 2013 . Although carbon dioxide (CO2) is a normal component in our atmosphere, and has made life on earth possible in the first place, the increased concentrations may change our climate in ways that present a critical mix of dangers (e.g., changed weather patterns with increased variability, rising sea levels and droughts (Dietz and Maddison, 2009; Suganthi and Samuel, 2012) . One way to sustain a status-quo for the global climate and limit the concentrations of GHGs is to develop and diffuse new carbon-free or low carbon technologies, not the least in the form of renewable energy sources (Stern, 2007) .
The remainder of the paper is organized as follows. Section 2 introduces three important concepts regarding knowledge spillovers. Section 3 presents the model specification and discuses some important econometric issues, while section 4 provides a description of the data definitions and sources. Section 5 reports on the results from the different empirical specifications, while section 6 synthesizes the empirical findings and discusses the results.
Section 7 contains the conclusions and policy implications.
Spillovers -The Spread of Innovation and Knowledge
In this section, three conceptual topics that are important for the paper will be presented and discussed. Specifically, these three concepts are: (a) General and Renewable Energy
Technological Knowledge Spillovers; (b) Inter-industry Knowledge Spillovers; and (c) Public R&D spending crowding out effects, here commented on in more detail with reference to relevant research done in the renewable energy sector.
General and Renewable Energy Technological Knowledge Spillovers
Technological change is imperative for economic development (Schumpeter, 1934) . In a letter written by Isaac Newton year 1676 the phrase "If I have seen further it is by standing on ye sholders of Giants" was coined. The phrase can roughly be translated to: gains in science builds on previous findings. Following Newton's insight; a key characteristic of technological change is that technological innovation builds upon prior existing knowledge and the ability to absorb new knowledge (Dosi, 1982; Aldieri and Cincera, 2009; Mancusi, 2008) .
Technological change is frequently, but not always, shaped by problem solving within a technological field; building on and expanding knowledge from the same technology. However, knowledge spillovers across technologies also occur (Cohen and Levinthal, 1990; Lazear, 2004; Lettl et al. 2009; Nemet, 2012; Nemet and Johnson, 2012; Noailly and Shestalova 2013) .
Consequently, knowledge flows mostly within the same technology but have the potential to reinforce other knowledge generating processes and create spillovers across technologies and thus increase technological variety (van den Bergh, 2008; Schoenmakers and Duysters, 2010) .
In the renewable energy sector, the empirical evidence for the existence of international knowledge spillovers is still limited. Peters et al. (2012) found evidence of public policy-related spillovers in the solar PV industry. In addition, Dechezleprêtre, Martin, and Mohnen (2013) compared the intensity of patent citations in clean energy with their less-clean counterparts and found that clean energy patents are cited more frequently than patents based on less-clean technologies, possibly indicating more knowledge spillovers in the former sector. and 2004. Grafström and Lindman (2017) and Grafström (2018) found evidence of knowledge spillovers in the wind sector.
Figure 2 Country spillovers between countries
Our empirical work is related to the literature which are using patent counts to measure inventions and innovation in renewable energy technologies (Popp, 2002; Dekker, Vollebergh, de Vries, and Withagen, 2012; Johnstone and Haščič, 2010; Braun et al., 2011; Grafström and Lindman 2017; and Grafström, 2017) . 9 Using patent data covering in eleven different energy technologies, Popp (2002) finds evidence for significant intra-technology knowledge spillovers.
Johnstone and Haščič (2010) also find inter-technology spillovers, showing that previous 9 Most studies that have concerned environmentally related patents have rather focused on how public policies affect innovative activity. Johnstone et al. (2012) investigated the determinants of environmentally related patents (e.g., for wind and solar power), and found that both general innovative capacity and environmental policy stringency have played positive roles in environment related innovation. Johnstone et al. (2010) (Griliches 1979 (Griliches , 1992 Antonelli 2008; Crespi 2008a, 2008b) . Usually, knowledge produced within a technology positively affect further development within the same technology.
However, knowledge spillovers across seemingly unrelated technologies also occur, i.e., technologies can benefit from knowledge that originated in other distant technologies (Cohen and Levinthal, 1990; Lazear, 2004; Lettl et al. 2009; Nemet 2012; Nemet and Johnson, 2012; Noailly and Shestalova 2013; Schoenmakers and Duysters, 2010) . Hence, intra-technology spillovers motivate support for technological variety where unforeseen effects can have a big and positive impact on the general development and can therefore be one potential goal of technology policy (Battke, Schmidt, Stollenwerk, and Hoffmann, 2016) .
10 Another approach to measuring knowledge spillovers is to follow the paper trail of citations: if one wants to be awarded a patent, one needs to cite other relevant research. 11 There are other studies (focused on the firm level) that have investigated knowledge spillovers, and the determinants of renewable energy patents. For example, Aldieri and Cincera (2009) used the knowledge-stock approach to study spillovers between large international R&D companies' productivity growth. Corradini et al. (2015) studied firms' decision to invest in innovation in the context of impure (or mixed) public good provision using a knowledge stock and found that the positive correlation between environmental and innovation performances might be reinforced by different spillover mechanisms.
According to Nemet (2012) (Cohen and Levinthal, 1990, p. 131) . Lettl et al. (2009, p. 246) argue that "specialization is [thus] positively associated with technological impact." Following this line of reasoning, inter-technology, which is typically based on technologically near areas (Lazear, 2004; Lettl et al., 2009) , can be expected to generate a higher amount of knowledge flows.
Crowding out effects from Public R&D spending
The basic rationale for public support to R&D is well-established 12 where a large body of literature has argued that the market can fail in providing the socially efficient amount of resources aimed at generating new technological and scientific knowledge (e.g., Nelson, 1959; Arrow, 1962; Pottlesberg, 1997, 2003) . The failure steams from positive externalities (i.e., spillovers) where new knowledge generation often has strong public good characteristics, leading to free-riding on others' development efforts (e.g., Mansfield, 1977) .
However, many have pointed out that public environmental R&D subsidies seldom achieve in 12 There is however a discussion of the effectiveness of public R&D programs see e.g., Jaffe 2002 and Hall 2002. improving the environment by themselves (Schneider and Goulder 1997; Jaffe et al. 2004; Fischer and Newell 2004; Popp 2006) and an ongoing discussion of the effectiveness of public R&D programs (see e.g., Jaffe, 2002 and Hall, 2002) .
Previous research has also indicated that the R&D underinvestment problem may be particularly prevalent in the case of R&D targeting environmental technology and clean energy; due to the particularly strong presence of knowledge spillovers across firms and countries in these sectors (e.g., Popp, 2005; Fischer, 2008; Peters et al., 2012; Dechezleprêtre et al., 2013) .
Moreover, uncertainties about the future returns to environmental R&D tend to be especially high, e.g., because of policy inconsistencies (Jaffe et al., 2002) . From a public economics perspective, a higher provision of dual types of public goods, i.e., a cleaner environment following pollution abatement and improvements in new clean energy technology, by some countries could lead to shrinking incentives for other countries to pursue similar efforts.
Failing to account for opportunity cost of renewable energy R&D investments may affect the accuracy of future policy models when dealing with climate change (Popp and Newell, 2012) .
There is a short run constraint on available R&D money -any new renewable energy R&D compete with other R&D investment (e.g., Nordhaus (2002) assumes a fixed supply of R&D labor). Hence, the question of whether renewable energy R&D represents new R&D spending, or whether some (or all) of the additional renewable energy R&D comes at the expense of another R&D i.e., crowding out. Over time there have been an increase in public renewable energy R&D possibly crowding out research funding from other productive sectors (Popp, 2006; Schneider and Goulder, 1997; Yang and Oppenheimer, 2007 and Newell, 2012) .
The supply-side of research capital might not be the only cause. We might see a result of rational, profit maximizing firms transferring R&D resources from opportunities that become less profitable as energy prices changes. Busom (2000) found that public funding induces more private effort, but for some firms (30% of participants) full crowding out effects could not be ruled out. The result of firm level R&D studies are mixed where for example Antonelli (1989) found a positive elasticity of private funded R&D with respect to the public R&D subsidy.
There has been limited empirical work addressing the magnitude of potential national crowding out effects within the renewable energy field. Link (1982) , found evidence of R&D productivity decline in the 1970s due to allocation of R&D toward environmental research, whose benefits (e.g. a cleaner environment) were not measured in traditional market outcomes. On a macro level, Nemet and Kammen (2007) find little evidence of crowding out from public energy R&D spending. However, on a firm level of Austria, Roediger-Schluga (2003) found that most firm's re-schedule R&D projects in order to increase environmental R&D after passage of new volatile organic compound standards.
Model Specifications and Econometric Issues

Model Specification
The empirical approach for assessing spillovers and crowding out effects is performed by studying how flow-and knowledge stock variables, the accumulation of knowledge, in one country affects inventive output in other countries. The approach stems from various previous studies (e.g., Klaassen et al., 2005; Antonelli et al. 2011; Boschma and Iammarino 2009; Corradini et al., 2014) . The baseline setting for the empirical part is presented in equation (1), a production function of patents commonly encountered in the literature is presented:
where the dependent variable, PCnt, is a count of to wind power related energy machinery patents in country n (n = 1, …, N) for a given year t (t = 1, …, T) i.e., the year the granted patent had its priority year. Public wind power R&D expenditures (R&Dnt) is used to estimate if there are any crowding out effects. The number of researchers per capita (RESnt) are a control variable for general level of research output capacity in the country; these two control variables are lagged three years. For example, public R&D expenditures taking place in period t may lead to a patent application and, eventually, to a patent being granted no earlier than in period t + x (x = 3) (Nicolli et al., 2012) . Knt is a domestic wind power patent-based knowledge stock in country n in period t. In the based model (equation 1), each country's separate knowledge stock
consists of an accumulation of previously assembled wind power patents in that country, here denoted as the national knowledge stock. Moreover, the patent-based stocks are constructed with a three-year lag and a 15 percent depreciation rate (see further section 4).
Country-specific fixed effects, α , are introduced to capture any unobservable country-specific heterogeneity. Time dummies, Tn, are also included. The econometric analysis includes time dummies, and therefore a concern is remedied -that the coefficients on the variables of interest capture shocks correlated with both the level of R&D policies and the knowledge stocks, and innovation activity. This could include any macroeconomic shocks and one can think plenty of such unobserved variables that may cause the coefficients to be strongly biased. All the residual variation is captured by the error term, .
Model I presented in equation (1) is the baseline upon which eight additional model specifications (II-VIII) will be built. The time periods 1978-2008 and 1990-2008 is tested for the specifications. The different specifications (Models I-VIII) of the patent production model are presented in Table 1 . 
Econometric Issues
Patent data are of a binomial nature; thus, the dependent variable will have a count nature (e.g., Baltagi, 2008; Greene, 2012) . For these types of count data regressions, either a negative binomial or Poisson estimators should be applied (Hausman et al., 1984) . A Poisson fixedeffects estimator will be used. There is some general criticism against the model choice that will be presented and a rebuttal.
The Poisson model has been criticized in the count panel data literature for its assumption that the variance is equal to its mean i.e., equi-dispersion. Thus, the Poisson distribution is often rejected in favor of models accommodating over-dispersion, i.e., where the variance is larger than the mean. The problem with the traditional Poisson distribution, which assumes equidispersion, is that the results contain incorrect standard errors of the parameter estimates. To model over-dispersion, therefore, the negative binominal specification is usually employed (e.g., Baltagi, 2008) . The negative binominal specification modification relaxes the Poisson assumption (Greene, 2012) . 13 However, some have argued that the conditional fixed effects negative binomial estimator available in Stata (xtnbreg) should be avoided, since it is not a true fixed-effects estimator (see Allison and Waterman 2002; Greene 2007) . A remedy is using the Poisson fixed-effects estimator based on the Hausman, Hall and Griliches (1984) 
Data Sources and Definitions
The Dependent Variable
The dependent variable, granted patent applications (priority year is used) in related industries, steams from the classification on renewable energy technologies by Johnstone et al. (2010) is combined with a sectorial concordance provided by Schmoch et al. (2003) that links industrial fields to IPC classes. Based on this concordance, we identify those fields that encompass the IPC classes defining innovation in wind technology and denote them as being related to wind energy. According to Johnstone et al. (2010) , patents with IPC class "F03D" belong to the field of wind energy. The class "F03D" belongs to the industrial field "energy machinery." To derive the patent stock in what we denote the related energy machinery field we sum the granted applications belonging to the "energy machinery" field and subtract those belonging to F03D.
There is an obvious critic against the choice of data for a patent study but for this particular study the data is suitable. Alternative sources for selecting patent data in the wind power sector have become available beside the Green Inventory classification. E.g., IPC and EPO Y02E10/70 Cooperative Patent Classification class or the OECD ENVTECH Indicator. (See e.g., OECD, (2015) for an in-depth general discussion or Costantini et al, (2015b) for a discussion about the pro et contra of the different data selection systems and a keyword-based methodology for patent analysis which was applied to the biofuels). Lybbert and Zolas (2014) recently developed 'probabilistic' concordance this 'Algorithmic Links with Probabilities' (ALP) approach incorporates text analysis software and keyword extraction programs and applies them to a comprehensive patent dataset. However, this method had some problems with more general patent searchers like "Non-specific Machinery" and "Agricultural machinery"
and since a large part of the relating energy machinery could suffer from the same problem the approach by Schmoch et al. (2003) was used.
The Green Inventory Classification (GIC) was chosen to enable study of inter-sectorial spillovers between other energy machineries. In many of the other renewable energy classes the GIC did not capture all relevant patents. However, according to a study by the UK's Intellectual Property Office, the F03D (wind power) classification covers 96 percent of all wind power patents (Keefe, 2010; Dechezleprêtre and Glachant, 2014) . The justification of using the current patent classification regime lies in its comparability with the related industries patents variable that is used in the attempt to identify cross sector knowledge spillovers.
The source of the patent data was the OECD Patent Database. 15 The patent system is constructed using a hierarchy of levels as described in Table 2 . Hence, we are given the following patent cases based on work by Johnstone et al. (2010) and Schmoch et al. (2003) as displayed in table 2 The geographical location of the inventor rather than that of the formal applicant was used. The applicant (e.g., a firm) can be an entity registered in a locality that is not the same as where the knowledge was actually produced (e.g., Fischer et al., 2006) . When patents were awarded to multiple inventors from different countries the count has been split.
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Beside the selection of patent data type to use a comment of the use of patent data as a proxy for technological development is required. Patents are to a large extent internationally standardized, (Rübbelke and Weiss, 2011) . Moreover, it is hard to get a patent application approved: basically, several prerequisites are required were a patent must be: 'novel', 'useful', and 'non-obvious', and that has an inventive step. Failure to meet these criterions meant that a patent cannot be awarded (Griliches 1987; Hall and Ziedonis, 2001 ). To enable more accurate comparisons within the data set, the study used patents granted by the EPO rather than those granted by the respective countries' own patent offices because the latter all vary in their patenting rules (Eaton and Kortum, 1999; Fischer, 2013) .
Moreover, there are conceptual criticisms against the use of patent data as a measure of invention output. For example: all new inventions are patented, and patents differ greatly in their economic impacts (Pakes and Griliches, 1980, 378) . Furthermore, the economic value of some patents is much smaller than other, in most cases a few percent of the patents capture almost all benefits or become economically worthless within a relatively short period (Pakes, 1985; Schankerman and Pakes, 1987; Scherer and Harhoff, 2000) . Furthermore, a patent is a strategic tool, i.e. it can be sold, withheld or offered by way of licensed use to others (Cohen et al., 2000) . All inventions are certainly not patented, the reasons vary, and one may be that small firms find the application process difficult; as a result, they may not bother submitting an application (Adams, 2005) . Instead, firms may use various types of confidentiality to conceal their production procedures (Cohen et al., 2000; Trajtenberg, 2001 ).
Nonetheless, even with all their potential flaws, patenting records remain a good -possibly even the best -available quantitative source for assessing technological changes and innovation. As Griliches (1998, 336) puts it, 'nothing else comes close in quantity of available data, accessibility and the potential industrial organizational and technological details'.
The Independent Variables
Following economic theory, the invention capabilities of a country are considered to depend fundamentally on three factors: (a) its invention infrastructure such as R&D employees or R&D expenditures as well as the stock of previous innovations (e.g. Romer, 1990; Grossman and Helpman, 1991) ; (b) its technological and economic specialization (Archibugi and Coco, 2005) , and (c) the quality of the linkages between its common infrastructure and those industries (Jungmittag, 2006) .
The R&D and R&DS variable represents a flow and stock variable of government expenditure on wind energy R&D in million USD (2012 prices). General-and specific purpose R&D is commonly considered and used as a variable when analyzing a country's inventive capacity (e.g. Romer, 1990; Grossman and Helpman, 1991; Dechezleprêtre et al., 2013; Furman, Porter, and Stern, 2002) . The data derive from the International Energy Agency. 17 These IEA data are known as a premium accessible data source of public R&D expenditures in the energy sector (Garrone and Grilli, 2010) .
Despite IEA is a good data source, it does not mean that the data are free from complications (Bointner, 2014) . For example, it has been argued that the database represents an incomplete representation of public support to energy R&D (e.g., Arundel and Kemp, 2009 ). There are also consistency issues with respect to the geographical coverage. For instance, Germany was reunified in 1991 but reports some missing data for the new Bundesländer (i.e., states formerly part of the German Democratic Republic) prior to 1992. Also, not all countries provide R&D data funded by regional governments (IEA, 2012) . R&D data from the private sector would have been both important and interesting to include, but a comprehensive form of such data was not available. Public R&D funding spent on wind power has frequently been used to explain different aspects of technological change in the wind power industry (e.g., Ibenholt, 2002; Klaassen et al., 2005; Krammer, 2009; Söderholm and Klaassen, 2007) .
Public R&D support is not the only channels for public support for individual firms; there are tax incentives, direct government funding, co-operation arrangements between firms, research institutes and universities, and loan guarantees. Hence, a weakness with this study is that it does not consider these effects. Public founding spent on R&D within the wind power field was used as an overall variable for a government's willingness to support the development of wind power.
18 17 We could not distinguish between R&D expenditures for onshore and offshore wind power. The variable Research personnel (RESnt) is intended to capture the human capital input in the knowledge production function and serve as a control for the National System of Innovation.
The human capital input is approximated using data on the number of researchers per 1,000 employees in the domestic labor force. Human capital is considered an important input factor for economic growth (Romer, 1990) . The sources of spillovers -one of the questions of this study -were obtained by constructing three different Knowledge stocks, i.e., one national (Knt) the wind power sector, one public wind power R&D stock (R&DSnt) and last a distance weight was applied to the international stocks (DIKnt). 20 The patent-based knowledge stock was constructed using the socalled perpetual inventory method commonly employed for related purposes (e.g., Ek and Söderholm, 2010) . Specifically, this knowledge stock is constructed as follows:
where is the knowledge stock in country n during time period t. Moreover,  is the annual depreciation rate of the knowledge stock (0 ≤ δ ≤ 1), represents the count of patents, and
x is the number of years (lag) it takes before new patents add to the knowledge stock (Hall and Scobie, 2006) . The time lag is assumed to be three years. Following the approach adopted in and renewable energy certificates (RECs) in creating incentives for cross-border investments in the solar and wind power sector, and conclude that FITs and RECs both encouraged such investments.
Robustness tests for the significance of such policies that could affect wind power patent propensity and development (e.g. The European Union Emissions Trading System, FITs and TRIPS (agreement on Trade-Related Aspects of Intellectual Property Rights 1994)) were controlled for (the results are displayed in Appendix Tables  D1 to D4) . 19 There are other classes in which patents relating to wind power are involved, such as those concerning the construction of wind towers. However, these are hard to distinguish from similar applications in other fields, so this study only addressed the main fields where the majority of wind power patents were filed. 20 Furthermore, in many patent count models the knowledge stock of previously filed patents is included to account for a country's absorptive capacity (Peters et al., 2012; Cohen and Levinthal, 1990 ).
other studies (e.g., Griliches 1998; Corradini et al., 2014) , a depreciation rate of 15% was applied on the knowledge stocks.
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Each country´s initial national knowledge stock ( 0 ) is calculated as:
where 0 is the number of wind power patent counts in the first year available (1977) , and g is the average geometric growth rate of granted wind power patents and R&D for the first ten years in the respective country. The motivation for calculating an initial stock is that we in some cases can assume that there was wind power patent activity in the country prior to the starting year and hence to account for that activity.
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The other knowledge stocks tested have been designed in a corresponding way. The international wind power knowledge stock available for country n is based on the accumulated granted wind power patent counts for all countries in the sample minus country n´s own patents.
This variable is used to test if the accumulation of patents in other countries has positive or negative effects on a country's level of related energy machinery patent production.
Previous research has revealed that knowledge spillovers have a tendency to materialize between geographically close regions (e.g., Maruseth and Verspagen 2002; Fischer et al., 2009) , creating a diminishing probability of patent spillovers as geographical distance increases. The rate at which information flows without obstruction has improved in over the previous decades, possibly diminished the negative distance effect (Fischer et al., 2006; Johnson and Lybecker, 2012) . The presence of country border effects is tested by applying distance weighting to the international knowledge stock (wind power ( ).
Following Bode (2004) as well as by Costantini et al. (2013 Costantini et al. ( , 2014 , the diminishing distance effect can be measured in terms of inverse distance where the intensity of cross-country knowledge spillovers is assumed to be subject to spatial transaction costs. The influence declines with distance, and to capture this effect a gravity approach was applied. The knowledge stocks are weighted as the inverse exponential relationship between countries. We have:
21 Park and Park (2006) calculated the technological knowledge stock depreciation rate for 23 different industries and found that it was in the realm of 11.9-17.9%. To check robustness tests were performed using 5 and 10 percent depreciation rates. These tests show that the results remained robust (see Appendix B, tables B1-4). 22 For some countries, the application of the average geometric growth rate did not matter as they had minimal (0) patent activity observed in the initial years and, indeed, for some years after that.
where 1 is the distance weight, is the stock that is weighted and is the assigned weight. In equation (6), the shorter the distance between two countries, s and r (∀ ≠ ) the greater the weighting assigned to s with respect to its influence on r. Therefore, the weighting assigned to each country s,r is proportional to the inverse distance between r and s (Costantini et al., 2013) . The distances between the various countries are determined, in line with Wolf (2000), by the location of the capital cities in the countries and the distance between them in kilometers as the crow flies. Models I -IV indicate that the variable R&D-flow -the amount governments spend on wind power R&D -is not statistically significant. Model I and II show that the coefficient representing the human capital variable, research personnel, was positive and statistically significant, in model III and IV the variable was not statistically significant. The variable national wind stock has a statistically significant negative coefficient in model I and III. In models II and IV, the inverse distance is applied to the international knowledge stocks. This procedure produced gave no statistically significant results. The R&D (now a stock instead of flow variable) coefficients remain statistically non-significant in all models. The results for research personnel are consistent with those of the previous models, and the relevant coefficients were negative and statistically significant in model V and VII. In models VI and VIII, the variables National wind stock was found to have a statistically significant negative effects on related patent production. Moreover, the models testing the impacts of the distance-weighted international related stock indicated that also this variable was not statistically significantly related with domestic wind power production. In Appendix B, robustness tests with regard to the depreciation rate of the knowledge stocks are presented where a depreciation rate of 5 and 10 percent was tested for both the time period 1978 -2008 and 1990 -2008 . Furthermore, additional tests for the significance of such policies that could affect wind power patent propensity and development (e.g. The European Union Emissions Trading System, FITs and TRIPS 23 ) were controlled for (the results are displayed in Appendix Tables D1 to D4 ). Rendering robust results.
Results
Discussion
The overall findings of this analysis reject the notion that there are international knowledge spillovers across this particular technological domain are present and positive. In the analysis, of energy patents related to wind energy patents, the coefficients for the knowledge stock variables are negative and statistically significant across models. Moreover, coefficients on R&D are not statistically significant; indicating no public spending crowding out, this was the case for both the accumulated stock and the flow of public R&D spending.
23 Agreement on Trade-Related Aspects of Intellectual Property Rights 1994
No international knowledge spillovers and national crowding out
The variable national wind stock was statistically significant coefficient and negative in model I, III, V and VII. The statistically significant and negative result suggests that previous wind power research output in a country can have crowded out the accumulation of knowledge in related industries in the country and hence affect the domestic capacity for realizing future inventions in a negative way. In other words, the inventive capacity in the related fields were hindered by knowledge accumulation in the wind power field. Hence, there seems to be a tradeof between research fields, the extent of the trade of is not within the scope of this papers analysis however.
One possible explanation is that when resources are limited, and efforts are directed towards a particular industry some of the resources for other research are a scarce resource. However, as discussed in section 6.2, crowding out did not seem to be the case for R&D founding. The result remains robust to different depreciation specifications (see appendix B and C).
The results from Section 5 (presented in table 4 and 5) indicates that advances in wind technologies did not create positive knowledge flows across technologies. Furthermore, the Distance-weighted international related industries stock was not significant indicating a lack of international knowledge spillovers between the technology fields. This result was initially somewhat surprising considering the previous literatures findings of international knowledge spillovers (e.g., Grafström, 2018) . However, there are several reasons why there is a lack of knowledge spillovers between wind power and relating industries. Firstly, the variable "related industries" is an aggregate of several patent classes so there could be spillovers between some of the classes but not necessarily between all of them. Secondly, there is of course the possibility that there are no international knowledge spillovers in this particular setting, or that the distance weighting take away effects that are there. Previous studies (e.g., Johnstone and Haščič, 2010; Braun et al., 2011; Grafström and Lindman 2017; and Grafström, 2017) (Gillingham et al., 2008; IPCC, 2014) . Considering the results of the present paper, especially with respect to the knowledge flows across technologies that are related to each other, these models might have to be adapted to reflect inter-technology learning effects.
R&D crowding out
For public R&D spending, no crowding out effects from public R&D spending were found.
Hence, as the level of government spending on wind power goes up the inventive output of related energy machinery is not affected. Beforehand we expected that there could be R&D crowding out due to that in the sort run there are a limited capacity of researchers that can be allocated to different projects -making it plausible that the inventive activity contracts in some fields when the government change the relative prices of the cost of doing research.
Crowding out occurs when public R&D funding drives out private funding partially or completely. Complete crowding out takes place when a public investment decreases the innovations in other fields partial crowding out occurs when total inventive output increases, but the inventive output is lower than it would have been. If data on privately financed R&D effort were available, then the extent of partial or complete crowding out effects could have been estimated however, the results given tells us that there are crowding out to some extent.
The lack of R&D crowding out finding does not suggest that the government are optimally allocating resources, the study does not contain a societal evaluation of the money spent and furthermore, the climate issue is rather pressing as noted previously. However, a dollar spent on wind power could be, but does not seem to be, a dollar that is not spent on another project.
Looking at the results in Model V-VIII, the R&D stock variable is not statistically significant.
The result is not unanticipated. In the short run the R&D sending could have a crowding out effect (as seen in Model I -IV), but the accumulated level of past spending is probably less likely to affect the current day affairs. The positive statistically significant number (Model VI)
could be due to that the accumulated spending is related to a countries general buildup of knowledge and hence affecting the invention climate. It can also be due to creation of a better absorptive capacity in the country. Having a generally well-developed domestic energy technology sector would help absorb knowledge flows both from national and international sources. This reasoning follows that of Aldieri and Cincera (2009) and Mancusi (2008) , who
show that a country's absorptive capacity benefits its ability to understand and exploit external knowledge.
Public policies play an important role in stimulating innovation in the renewable energy sector, since private firms have too weak incentives to make R&D investments in clean energy technologies (Jaffe et al., 2005) . Another argument for why public policies need to combine the standard environmental policies (such as carbon taxes or permits) with R&D support in clean technologies is that once the knowledge base in clean energy is large enough, firms will start innovating; rendering public policy intervention only temporary (Acemoglu et al., 2012 , Aalbers et al., 2013 
Concluding Remarks and Directions for Future Research
The purpose of this paper is to provide a backward-looking analysis of how the accumulation of wind energy patents and public R&D spending affected the domestic and neighboring country output of granted patents in the "related energy machinery field". The questions investigated are whether the development of wind power technology in one European country -measured through patent counts -affect the level of knowledge output in closely related fields the countries i.e., inter-technology spillovers. Furthermore, the presence of public R&D crowding out was tested. These research questions were tested using a data set covering the eight major wind power nations in Western Europe during the period 1978-2008.
The empirical findings suggest that wind power knowledge development have a negative (crowding out) effect on related industries in the country and hence affect the domestic capacity for realizing future inventions in a negative way. The presence of knowledge flows between industry sectors has mostly been ignored in wind energy policy debates. If developers of wind energy technologies can learn from other sectors in the economy, it could well reduce the costs of innovation and increase the phase of technological development.
It was not a priori clear whether public R&D support for knowledge production in renewable energy would, in actuality, enhance or reduce inter-sectoral knowledge but the accumulation of knowledge from wind power to related fields seem to have no effect. The analysis developed here shows that public R&D funding appeared to have no crowding out effects. 
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